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Abstract: An appropriate energy management strategy is essential to enhance the performance
of hybrid electric vehicles. A novel modified equivalent fuel-consumption minimization strategy
(ECMS) is developed considering the engine operating point deviation from the optimum operating
line. This paper focuses on an all-inclusive evaluation of this modified ECMS with other state-of-art
energy management strategies concerning battery ageing, engine switching along with fuel economy
and charge sustenance. The simulation-based results of a hybrid two-wheeler concept are analysed,
which shows that the modified ECMS offers the highest benefit compared to rule-based controllers
concerning fuel economy and reduction in engine switching events. However, the improvement in fuel
economy using modified ECMS has significant negative potential effects on critical battery parameters
influencing battery ageing. The results are analysed and found consistent for two different drive cycles
and three different powertrain component configurations. The results show a significant reduction
in fuel consumption of up to 21.18% and a reduction in engine switching events of up to 55% with
modified ECMS when compared with rule-based strategies. However, there is a significant increase in
battery temperature by 31% and battery throughput by 378%, which plays a major role in accelerating
battery ageing. This paper emphasizes the need to consider battery-ageing parameters along with
other control objectives for a robust assessment of energy management strategies. This study helps in
laying down a foundation for future improvements in energy management development and it also
aids in establishing a basis for comparing energy management controllers.
Keywords: parallel plugin hybrid; hybrid two-wheeler; load-levelling control (LLC); equivalent
fuel-consumption minimization strategy (ECMS); battery ageing; fuel economy; engine switching
and charge sustained
1. Introduction
Concerns over climate change, constraints on energy resources, stringent regulations on emissions
and poor energy efficiency are all pushing the transportation industry to focus more on alternative
technologies, such as Hybrid Electric Vehicles (HEVs) [1]. Plugin HEVs (PHEVs) have become the
prime focus in recent times. However, battery cost is one of the major hurdles in a PHEV to limit its
prevalence in the automotive industry [2]. The key point in using the full potential of hybridization
is by designing a proper supervisory control strategy, which manages the split of demanded power
between energy sources in the most efficient and optimum way. One of the important aspects of
PHEVs is to optimize the performance of the hybrid energy system by developing an intelligent battery
ageing-conscious energy management strategy.
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Studies [3–5] suggested that hybrid electric controllers can be divided into rule-based controllers
and optimization-based controllers. Rule-based controllers are based on predefined rules based on
experience, calibration and tuning of controllers for the desired output without prior knowledge of
the trip [6,7]. Optimization controllers overcome the inherent rigidity of rule-based controllers by
using the optimal control strategy that minimizes a cost function [8,9]. The most powerful optimal
control used for optimization controller is equivalent fuel-consumption minimization strategy (ECMS)
and it is generally accepted to be a promising real-time controller because of its feasibility and
optimality [5,10,11]. In [12], Paganelli et al. have developed optimal control for a parallel hybrid and
compared the fuel consumption with a rule-based conventional strategy; the fuel consumption reduced
by 17.5% for the test cycle considered. Similarly, in [10–15], the authors C. Sun et al., J. Han et al.,
G. Paganelli et al., C. Musardo et al., L. Serrao et al. and L. Namwook et al. have implemented ECMS
and compared the results of fuel consumption and charge sustainability with rule-based strategies.
In all these references considered, ECMS shows significant improvement in fuel economy along with
charge sustenance when compared to rule-based strategies. However, the control objectives in these
references remained limited to fuel economy, tailpipe emissions and charge sustainability. The fuel
economy of any type of HEV is highly dependent on the energy capacity of the on-board energy
storage system [2]. Battery replacement cost is one of the critical factors to be explored in depth in
PHEVs concerning energy management strategies. Therefore, it is very important to estimate the effect
of energy management on battery health alongside with fuel economy and other control objectives.
The assessment of energy management strategies should always include an exclusive study of all the
powertrain components and their critical parameters. However, in the considered literature, there is no
all-inclusive study exploring the connection or real tradeoff between battery ageing, engine switching
and fuel economy.
Batteries are the most dominant choice of an energy storage system in road transport. Nonetheless,
batteries experience an irreversible degradation processes while in use, which affects the energy
capacity and the internal resistance of the storage system [9]. Battery capacity loss is due to many
factors, which include various environmental and operating conditions. High C rate operation, a low
or high state of charge (SOC), high battery temperature and the excessive depth of discharge are a
few critical factors contributing to battery health degradation [16–19]. Batteries represent a large part
of vehicle cost in a PHEV [2]. Hence, studying the effect of energy management on battery ageing
is an important criterion to consider. In [20], the authors proposed a multiobjective optimal control
problem, which considered both fuel consumption and battery ageing by converting the battery pack
replacement cost to an equivalent fuel cost. However, the limitation of [20] is that they have not
exclusively studied the effect of energy management on battery parameters influencing battery ageing:
battery temperature, battery throughput and charge/discharge C rate.
HEVs have multiple power sources, and their fuel economy and emissions can be optimized by
energy management strategy. As a result, under the influence of the energy management strategy,
HEVs frequently make transitions between different pre-defined modes to achieve an optimal
instantaneous power distribution. However, HEVs tend to suffer from issues such as drivability, starting
system reliability and excessive clutch wear during mode transition [21,22]. Unlike four-wheelers,
two-wheelers are an inherently unstable vehicle. The vehicle drivability and safety are linked to each
other in two-wheelers, especially during the vehicle cornering phases [23]. Thus, it becomes even more
important to develop an energy management strategy considering engine switching events along with
battery ageing for a hybrid two-wheeler.
None of the references considered have done a stipulated comprehensive assessment of energy
management strategies considering the battery ageing effects, engine switching events along with
fuel economy. All the studies in the considered references were limited to fuel economy and tailpipe
emissions. The evaluation and comparison of energy management strategies are incomplete without
exclusively studying the effect of energy management strategies on all the critical battery parameters
influencing battery degradation. This paper emphasizes the assessment of rule-based and optimal
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control-based strategies by thoroughly studying their effect on battery ageing parameters, engine
switching events along with fuel economy and charge sustenance.
The four controllers considered for this study are:
(1) The conventional Basic rule-based Energy Management Strategy (BEMS);
(2) The Modified rule-based Energy Management Strategy (MEMS);
(3) The conventional Equivalent fuel Consumption Minimization Strategy (ECMS);
(4) The Modified ECMS named as ECMS_LL.
Apart from the conventional BEMS and ECMS, modified rule-based MEMS and Modified
ECMS-ECMS_LL are considered for studying the effect these energy management strategies on fuel
optimality, engine switching frequency and battery parameters. These modified energy management
strategies improve the engine’s efficiency and thereby increase the fuel optimality by utilizing the
electric path favourably over the conventional strategies BEMS and ECMS. However, the increased
engine efficiency has a negative impact on battery parameters and this is one of the key focus of
this study. The study is performed for two different drive cycles—Worldwide Motorcycle Test Cycle
(WMTC) and Indian Drive Cycle (IDC) and three different vehicle configurations for the reliability of
the results. Based on the respective simulation results, conclusions are drawn as to which directs a
reciprocal relation between the battery parameters and the fuel economy in energy management.
The main contributions of this study are:
1. To design and develop a novel modified ECMS for a plugin hybrid concept two-wheeler,
which enhances the fuel optimality further when compared to traditional ECMS.
2. Evaluation and assessment of modified ECMS with traditional ECMS and other
rule-based strategies.
3. To perform an all-inclusive study and evaluation of energy management strategies considering
battery parameters influencing battery ageing (battery temperature, battery Ah throughput,
SOC and charge/discharge C rate), engine switching events and charge sustenance along with
fuel economy.
This study helps in laying down a foundation for future improvements in energy management
development and it also aids in establishing a basis for comparing energy management controllers.
The paper is organized as follows: In Section 2, the vehicle model of the full parallel two-wheeler
HEV is explained. In Section 3, the HEV energy management control problem is formulated. In Section 4,
the rule-based and optimal control-based controllers are designed and developed. Along with this,
a novel modified ECMS (ECMS_LL) is developed and implemented. In Section 5, the simulation results
of the controllers are investigated in detail for two different drive cycle and three different vehicle
configurations. The results are analyzed and thereby the conclusions are discussed in Section 6 along
with the future direction of the study.
2. Vehicle Model and System Configuration
Two different approaches to HEV modelling can be adopted: backward or forward-facing
modelling concerning the physical causality principles [24]. The former assumes that the vehicle meets
the target performance so that the vehicle speed is known and the power request is calculated using
the kinematical relationships imposed by the drivetrain. Forward-facing modelling takes, as inputs,
the driver commands, and simulating the physical behaviours of each component generates the vehicle
performance as an output. The powertrain data for the two-wheeler hybrid considered drives this
study use a simplified appropriate backwards-facing model for this purpose [24,25]. A backward
model developed by sourcing the detailed technical specifications and experimental data of engine,
electric machine and battery from the hybrid two-wheeler concept is considered for this study.
The power sources, transmission, and control system are developed using MATLAB/Simulink/State
flow environment. Since the vehicle is a concept two-wheeler and not production-ready, the actual
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technical details of the powertrain components are not disclosed. In turn, the normalised values are
displayed wherever necessary.
2.1. System Configuration
The vehicle considered for this study is a full parallel plugin hybrid concept two-wheeler and the
powertrain architecture for the vehicle is as shown in Figure 1. The system is composed of an engine,
a centrifugal clutch, an electric machine, mechanical transmission and an energy storage device (high
voltage battery).
Figure 1 shows the mechanical and electrical power flow between the powertrain components.
The electric machine is capable of power assist and charging from the engine along with pure electric
drive depending on the wheel power requirement and the battery SOC. Hard constraints corresponding
to the physical limits of the powertrain components are applied to the control input. The high voltage
battery is used for vehicle propulsion and the low voltage battery is used for small dc loads and in
starting the engine using a starter motor.
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2.1.1. Vehicle Model
The plant model developed is a backwards-facing vehicle model. The longitudinal dynamics of
the vehicle are described by [26]:
dV(t)
dt
=
1
mv
.
(
Tw(t)
rw
− 1
2
ρairCdAV2(t) −Crmvg
)
( )
where V denotes the vehicle speed; Tw denotes the wheel torque; rw denotes the wheel radius;
ρair denotes the air density; Cd denotes the aerodynamic drag coefficient; A denotes the frontal area of
the vehicle; Cr denotes the rolling friction coefficient; mv denotes the nominal weight; and g denotes
the gravitational acceleration. The vehicle is assumed to operate on a flat road. Rolling resistance is
considered as one single coefficient. The road material is taken to be hard asphalt (urban Indian roads),
the absence of liquid, nominal tyre pressure, nominal tyre temperature and tyre material of rubber.
2.1.2. Engine
The engine model developed is established using steady-state maps based on experimental data
from the hybrid two-wheeler concept vehicle. The model of the gasoline engine considered specifies
the fuel consumption in (g/kWh) as a function of its operating point, defined by the engine speed
(rad/s) and the engine torque (Nm). The engine’s fuel energy is used for charging the high and the low
voltage batteries along with vehicle propulsion as shown in Figure 1.
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The fuel flow rate
.
m f of the engine is given by a steady-state map, which is a function of engine
torque Tice and engine speed ωice, i.e.,
.
m f = f (ωice, Tice).
The power consumption of the engine can be described by the following equation:
P f uel = Qlhv· .m f (2)
where Qlhv is the lower heating value of the fuel.
2.1.3. Electric Machine
The electric machine model is established using static maps derived from the experimental data.
The efficiency of the electric machine ηem is given by a steady-state map, which is a function of both
torque Tem and speed ωem. Therefore, the power request of the electric machine is given by:
Pem = Tem·ωem·ηem (Tem, ωem) (3)
2.1.4. Transmission
The transmission considered here is the single speed with constant efficiency of ‘0.90’. The clutch
used here is centrifugal clutch and is modelled as a simple switch. Regenerative braking is not
considered in this study as it can harm the stability of two-wheelers.
2.1.5. Battery Model
The battery is a non-linear system. The battery changes its properties based on many external and
internal factors, such as ambient temperature, internal battery temperature, state of charge operation
and the depth of discharge [9]. Electrochemical models for a Li-Ion battery as proposed by [27–29] are
suitable for battery-level simulation. However, these models are not suitable for optimal control design
because they involve a discontinuous mathematical function. Thus, a simple first-order equivalent
circuit model is used for this study. Figure 2 shows the typical first-order equivalent circuit model of
the battery. The battery can be represented as DC source VOC, RC network (Cp and Rp) and internal
resistance Ri.
Energies 2020, 13, x FOR PEER REVIEW 5 of 26 
 
𝑃𝑓𝑢𝑒𝑙  = 𝑄𝑙ℎ𝑣 ∙ ?̇?𝑓 (2) 
where 𝑄𝑙ℎ𝑣  is the lower heating value of the fuel. 
2.1.3. Electric Machine 
The electric machine model is established using static maps derived from the experimental data. 
The efficiency of the electric machine ƞ𝑒𝑚 is given by a steady-state map, which is a function of both 
torque 𝑇𝑒𝑚 and speed 𝜔𝑒𝑚. Therefore, the power request of the electric machine is given by: 
𝑃𝑒𝑚 =  𝑇𝑒𝑚 ∙ 𝜔𝑒𝑚 ∙ ƞ𝑒𝑚 (𝑇𝑒𝑚, 𝜔𝑒𝑚) (3) 
2.1.4. Transmission 
The transmission considered here is the single speed with constant efficiency of ‘0.90’. The clutch 
used here is centrifugal clutch and is modelled as a simple switch. Regenerative braking is not 
considered in this study as it can harm the stability of t o-wheelers. 
2 1.5. Battery Model 
The battery is a non-linear system. Th  battery changes its properties based on many external 
a d internal factor , such as ambient t mp rature, internal battery temp rature, state of charge 
op ration and the depth of dis harge [9]. Electrochemical m dels for a Li-Ion battery as proposed by 
[27–29] are suitable for battery-level simulation. H weve , these mod ls are not suitable for optimal 
control design b c use they involve a discontinuous mathematical function. Thus, a simp  first-
order equivalent circuit model is used for t is study. Figure 2 hows th  typical first-order equivalent 
circuit model of the b ttery. Th  bat ry can be repr sented as DC s urce VOC, RC network (Cp and 
Rp) and nternal resistance Ri. 
 
Figure 2. Equivalent circuit model of the battery. 
The battery internal resistance is a very important factor to calculate the SOC [30]. The battery 
internal resistance changes with SOC, battery cell temperature and battery ageing. In the battery 
model developed, the effect of SOC, C rate and battery cell temperature on internal cell resistance are 
considered [31]. 
The equation for calculating the battery current is as follows [32]. 
𝐼𝑏𝑎𝑡 =
𝑉𝑂𝐶 − √𝑉𝑂𝐶
2 − 4 ∙ 𝑅𝑒𝑞 ∙ 𝑃𝑏𝑎𝑡
2 ∙ 𝑅𝑒𝑞
 
(4) 
where Ibat is the battery current, VOC is the open-circuit voltage, 𝑅𝑒𝑞  is the equivalent battery 
resistance, and 𝑃𝑏𝑎𝑡  is the power in and out of the battery. 
The Joule heating and the entropy effects are the major contributors for heat generation within 
the battery pack. For automobile applications, where C-rate of operation is high due to varying 
acceleration from the rider, the Joule heating effect dominates the entropy effect [33,34]. Hence, for 
Figure 2. Equivalent circuit model of the battery.
The battery internal resistance is a very important factor to calculate the SOC [30]. The battery
internal resistance changes with SOC, battery cell temperature and battery ageing. In the battery
model developed, the effect of SOC, C rate and battery cell temperature on internal cell resistance are
considered [31].
The equation for calculating the battery current is as follows [32].
Ibat =
VOC −
√
V2OC − 4·Req·Pbat
2·Req (4)
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where Ibat is the battery current, VOC is the open-circuit voltage, Req is the equivalent battery resistance,
and Pbat is the power in and out of the battery.
The Joule heating and the entropy effects are the major contributors for heat generation within
the battery pack. For automobile applications, where C-rate of operation is high due to varying
acceleration from the rider, the Joule heating effect dominates the entropy effect [33,34]. Hence, for the
temperature prediction model, only heat generation due to the Joule heating effect is considered.
The heat generation through the Joule heating effect is calculated using the relation Q = Ibat2Req, where
Q is the heat generated, Ibat is the current and Req is the internal resistance. The battery is assumed to
be a homogeneous body with uniform temperature distribution, the temperature difference between
the core and the surface of the battery is not considered. The effect of ageing and state of health of the
battery is not considered in this model.
A 3D lookup table is created based on experiments results [33], which computes the internal
resistance of the battery at every time instant, based on instantaneous SOC, battery temperature, C-rate
and the direction of the current flow. The resultant resistance is used in the model for the battery
temperature rise calculation and as well for SOC calculation. The rise in the temperature calculated
by equating the heat energy in joules against heat capacity equation: Q = MC∆T, where Q is the heat
energy in joules; M is mass of the battery in kg; C is the specific heat capacity of the battery (J/kg ◦C);
∆T temperature rise in ◦C [33].
The battery considered in the study is air-cooled. A cooling study has been done on the same type
of cells and has been found that cooling constant plays a major role while predicting temperature rise
in cells during the vehicle run condition [33]. The average cooling rate ◦C/hour is calculated from the
experiment results [31] conducted on the same cells and implemented in the battery Simulink model.
The powertrain model consisting of power train components are modelled using the experimental
data from the hybrid concept two-wheeler. The engine maps, electric machine maps and battery
model are based on the experimental data of the concept vehicle. Detailed technical specification
of the powertrain components is restricted for publishing as the vehicle is a concept vehicle and
is not production ready. However, the normalized data of the powertrain components are shared
wherever necessary.
3. HEV Energy Management Control Formulation
For an HEV following a specific driving cycle, the system state equation can be described as [35]:
.
x(t) = f (x, u, t) = − 1
Qbat
Ibat(x, u, t) (5)
where Ibat is denoted as battery current and Qbat is denoted as battery charge capacity.
The control variable u(t) represents the control output, the power split between the engine fuel
and battery. The optimal control problem to be solved by energy management is to minimize the
following performance index [35]:
J(u) =
∫ t f
0
L(u, t)dt (6)
The main optimization objective is to minimize the fuel consumption and therefore the
instantaneous cost here is the fuel flow rate or the power equivalent to it [35]:
L(u, t) = P f uel(u, t) = Qlhv
.
m f (u, t) (7)
where Qlhv is the fuel energy density and is a constant.
This optimization problem is extended for a time interval
[
0, t f
]
constrained to various local and
global constraints, which include:
Local constraints [35]:
umin(t) ≤ u(t) ≤ umax(t) ∀t ∈
[
0, t f
]
(8)
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− 1 ≤ u(t) ≤ +1
where u(t) is the power split that ranges from ‘−1’ to ‘+1’. ‘−1’ means full regeneration by engine and
vehicle traction power completely supported by engine, and ‘+1’ means full motor mode, the vehicle
traction power is fully supported by the motor.
xmin ≤ x(t) ≤ xmax ∀t ∈
[
0, t f
]
(9)
where x(t) is the SOC, which has a minimum and maximum limit of charge-sustaining mode.
Global constraints [35]:
x
(
t f
)
= x f (10)
x f is the final SOC target set for charge sustenance.
Initial conditions:
x(0) = x0 (11)
x0 is the initial SOC value set for the test.
.
x(t) = f (x, u, t) (12)
4. Energy Management Strategy Development
4.1. Energy Management Overview
A supervisory energy management controller sets the power split between the electric machine
and the internal combustion engine for all the input conditions.
Figure 3 shows the data flow between the energy management controller and the plant model,
where P is the power, ω is the rotational speed; τ is the torque; V is the vehicle velocity and B is
the brake information. The system constraints considered for the energy management controller are
derived from the key powertrain components (engine—torque, power and speed; battery—power
and SOC; electric machine—torque, power and speed). The power-split of (Pice and Pem) is the key
control output.
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4.2. Drive Cycles
For this study, two drive cycles are considered; Worldwide-Motorcycle Test Cycle (WMTC) [36] and
an Indian Drive Cycle (IDC) [36], for testing and evaluating the consistency of the energy management
control operation.
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The WMTC is used as one of the reference drive cycles. This drive cycle is used for the small
engine vehicle level tests in many countries (USA, Europe, China, and Japan). It replicates an urban
drive cycle, with frequent acceleration, deceleration and start-stop conditions. The second drive cycle
considered is IDC, which is a typical Indian urban drive cycle used for testing. According to UN-ECE
regulation 168, for L category vehicle (with engine capacity < 150 cm3) with off-board charge capability,
the legislative fuel economy test that considers WMTC is done in the following steps. The CO2 is
calculated as follows.
Condition A: Test with the fully charged electrical system. Condition B: Test with the fully
discharged electrical system. Combining conditions A and B results in the following formula:
CO2(g/km) =
(EVRange×Condition A CO2) + (DAV ×Condition B CO2)
(EVRange+DAV)
(13)
where DAV is the distance between recharges: 4 km for L category vehicle and EVRange is the distance
covered by the vehicle in electric-only mode from full charge to SOCLowlimit = 20% SOC.
The condition A test was simulated using the two-wheeler plant model, the simulation result
shows the vehicle with fully charged battery takes around 4600 s (24 km), which is the EVRange and
DAV: the distance between recharges considered is 4 km (from the UN-ECE regulation). The total drive
time considered for test cases is therefore 28 km, which corresponds to 5200 s of the drive cycle. For
this study, the WMTC and IDC drive cycles are therefore extended to 1.4 h. (5200 s) with the repetition
of the cycle. The velocity and wheel power data of WMTC and IDC for a single test cycle of 600 s and
120 s are shown in Figure 4a,b, respectively.
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4.3. Engine Switching Event
Engine switching is an important criterion to analyze when it comes to two-wheelers. During the
engine cranking phase, once the ignition key is turned to initiate an engine start event, electric power
from the low voltage battery is applied to the starter motor terminals to activate the starter solenoid
and energize the DC starter motor engage the gear to the flywheel and thereby the engine is started.
Every time the starter is cycled, it is subjected to wear and tear resulting from metal-on-metal contact
on the gears and heat build-up within the electronics. Extreme environmental conditions and extreme
usage of starter motor can lead to rapid degradation of life of starting system. According to warranty
data gathered from a conventional two-wheeler of similar vehicle specifications considered, starter
motors are designed for 50,000 cycles (estimated to correspond 3 years of use). However, the life of the
starter motor also depends on the ambient conditions, engine condition (crank time required), and the
time between starts (heat build-up) [37]. For this study, it is assumed that the engine starts at the first
crank and hence the number of engine start events is equal to the number of starter system cycles.
Every time the engine switches on, it consumes a certain amount of fuel and electric power.
From the experimental data, the fuel required for a warm engine-start, including the fuel required to
chargeback the low voltage battery, is considered. The number of engine switching events is taken as a
metric for comparing the controllers and can be directly related to the starting system life.
4.4. Energy Management Objectives
The problem considered in this paper is the energy management for a full parallel plugin hybrid
two-wheeler. The essence of HEV control is the instantaneous management of the power flow from
the ICE and the EM. The HEV control strategy aims to minimize the vehicle fuel consumption whilst
maintaining the SOC, and meeting the driver demand and respecting the component limitations.
The optimization objective considered in this work is to minimize fuel consumption during a trip,
and the constraints are:
(1) Charge sustainability: the battery SOC should remain at the defined SOC target reference at the
end of the trip.
(2) The satisfaction of driver demand: at each instant, the total torque output of the powertrain
should be equal to the driver’s demand.
(3) Actuator limitations: at each instant, the output of each powertrain component (engine and
electric machine) is within its maximum torque/power rating; similarly, the total battery power is
within acceptable limits in both charge and discharge operation.
For the consistency in operation of energy management controllers, different drive cycles and
vehicle configurations are considered. Thus, along with different drive cycles, WMTC and IDC, three
different system configuration are considered, as shown in Table 1. Table 1 shows the three different
vehicle configuration taken into consideration for this study. The engine sizing is taken based on the
availability of the engine models available in the production shelf. The three values of uniformly
distributed charge C rate values from a minimum limit of 1C to a maximum limit of 5C is considered
for the study.
Table 1. Vehicle configuration table.
Vehicle Configuration Engine Sizing Battery Charge C Rate
Veh 1 80% 5 C
Veh 2 100% 3 C
Veh 3 70% 1 C
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4.5. Basic Rule-Based Energy Management Strategy (BEMS)
The rule-based controllers (BEMS and MEMS) are static controllers and the operating point of the
components; engine and electric machine are chosen using rule tables as shown in Table 2 to meet
the requirements of the driver and other components (electrical loads and battery) based on prior
experience and testing as it is typical for rule-based controllers [6]. This table is formulated based on
the rule-based controller used in the hybrid concept two-wheeler. A basic rule-based control strategy
(BEMS) implements heuristic knowledge to develop a set of event-triggered rules. This strategy is
implemented using Matlab State Flow. The five states are described as launch, electric-only, engine-only,
combined (electric and engine) and braking states.
Table 2. Basic rules used in rule-based strategy existing in the hybrid two-wheeler considered.
Mode State Battery Vehicle Conditions Eng Mot Gen Descriptions
Launch mode
Vehicle
launch
SOC >
SOCLowlimit V > 0, DT < Mmt Off On Off
Vehicle start condition with
motor alone providing the
drive torque
Vehicle
launch
SOC >
SOCLowlimit V > 0, DT > Mmt On On Off
Vehicle start condition with
motor and ICE providing the
drive torque
Vehicle
launch
SOC <
SOCLowlimit V > 0 On Off Off
Vehicle start condition with
engine alone providing the
drive torque
Pure
EV-mode EV state
SOC >
SOCLowlimit
Mmn > V > 0 and
DT < Mmt Off On Off
Vehicle run condition with
motor providing the drive
torque
ICE-mode
Charging
state
SOC <
SOCLowlimit
0 < V < Mmn,
DT < Met On Off On
Drive torque provided by
ICE alone and battery
charged by engine
ICE only
state
SOC <
SOCLowlimit
V > Mmn or DT >
Met On Off Off
Drive torque provided by
ICE alone
Combined
mode
High
power
demand
SOC >
SOCLowlimit
V < Mmn,
DT > Mmt On On Off
Drive torque provided by
both motor and ICE
Regeneration
mode
Braking
state
SOC <
SOCHighlimit DT < 0, V > Mgn Off Off Off No regenerative braking
Braking
state
SOC <
SOCHighlimit DT < 0, V < Mgn Off Off On Regenerative braking
Braking
state
SOC >
SOCHighlimit DT < 0 Off Off Off No regenerative braking
where V = vehicle velocity; Mmn = maximum speed limit of the motor/generator; Mmt = maximum motor torque
limit; Met = maximum engine torque limit; Men = maximum engine speed limit; Mcn = minimum clutch engage
speed; DT = demand torque; SOCLowlimit = lower SOC limit (20% SOC) and SOCHighlimit = higher limit SOC limit
(80% SOC).
4.6. Modified Rule-Based Energy Management Strategy (MEMS)
The second control strategy is MEMS, which uses Load-Levelling Control (LLC). In LLC,
the Internal Combustion Engine (ICE) is operated as close as possible to a predetermined value
known as the optimal operating point for every instant in time during the vehicle operation [4].
The engine Optimum Operating Line (OOL) is the curve that connects the minimum BSFC for each
given power. In actual practice, it is difficult to operate on the optimum operating line as the operating
points are based on the wheel torque demand. Therefore, the ICE is operated as much as possible in the
optimum operating region near the optimum operating line. The resulting power difference between
the ICE and vehicle demand is either used or contributed by an electric machine. The maximum
contribution of the electric machine is limited by the state of charge of the battery and its torque and
power limitations.
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4.7. Optimal Control Solution
Equation (7), which is subjected to Equations (8)–(12), is reduced to the instantaneous minimization
problem of the Hamiltonian function H [14]. The global optimal energy management control problem
for an HEV is reduced to the instantaneous minimization problem of Hamilton function by Pontryagin’s
minimum principle, which is explained in detail in the literature [14].
The Hamilton is written as [14]:
H(x, u, t) = P f uel(u, t) − λ(t)· 1Qbat Ibat(x, u, t) (14)
The term λ(t) can be decoupled as [35]:
λ(t) = −Ebats(t) = −Voc,maxQbats(t) (15)
where Ebat is the battery total energy and s(t) is a dimensionless term. The Hamiltonian function can
be further interpreted as equivalent power and the expression is as follows [35]:
H(x, u, t) = P f uel(u, t) + s(t)·Pbat(x, u, t) (16)
where s(t) is called the equivalence factor, which is the weighting factor that transforms the battery
power into equivalent fuel power. In charge sustaining, HEV is the ultimate energy is from the fuel.
The battery charge and discharge are translated into equivalent fuel consumption. Equation (16)
was derived from intuitive considerations on energy balance by Paganelli [26], which resulted in the
Equivalent Consumption Minimization Strategy.
4.7.1. Equivalent Fuel-Consumption Minimization Strategy (ECMS)
The third strategy is based on the Equivalent fuel Consumption Minimization Strategy (ECMS),
which is an instantaneous approach derived from Pontryagin’s Minimum Principle (PMP) [14,15,26].
It is well known that Pontryagin’s minimum principle can be applied to the HEV energy management
problem to derive an optimal solution in the form of ECMS [38]. While heuristic control strategies such
as BEMS and MEMS do not seek to optimize energy consumption or emissions, in contrast, the ECMS
explicitly formulates a cost function for the equivalent fuel consumption to be optimized [12,13,35].
In a hybrid vehicle, a global optimization strategy usually sees the minimization of fuel consumption,
or emissions, as the main goal. Paganelli [39] used an instantaneous optimization strategy to simplify
the global optimization problem into a local optimization problem using minimum instantaneous
equivalent fuel for each time cycle as an optimization objective. The instantaneous equivalent fuel
consumption is equal to the engine’s instantaneous fuel consumption and the electric motor power
that can be converted to fuel consumption [39]. ECMS was first proposed by Paganelli and applied
to hybrid vehicle energy management strategies; to minimize the instantaneous fuel consumption,
the concept of the equivalent factor was introduced [12].
ECMS sees the battery as an energy buffer, and all the energy consumption is equated to the
engine’s fuel consumption. The battery can be viewed as a reversible energy conversion tank. For a
particular parallel hybrid system, there can be two circumstances, which are as follows:
If the power of the battery is positive, as in discharging state, the battery is charged using extra
fuel of the engine in future, as shown in Figure 5a.
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If the power of the battery is negative, as in charging state, the battery energy is being stored,
which can be utilized to reduce the load on the engine, thereby saving part of the fuel as shown in
Figure 5b.
In both cases, the electric power is equated to fuel consumption in the future and the actual fuel
consumption by the engine. The instantaneous fuel consumption can be calculated as follows [14]:
.
m f ueleqv (t) =
.
m f uelICE (t) +
.
m f uelBAT(t) =
.
m f uelICE (t) +
S
Qlhv
PBAT(t) (17)
where
.
meqv instantaneous equivalent fuel consumption
.
mICE is the instantaneous fuel consumption
from the engine,
.
mBAT is the instantaneous equivalent fuel consumption from the battery power (both
in charging and discharging), s is the equivalence factor, which represents the conversion of electric
power into fuel consumption and PBAT is the battery power, Qlhv is the low heating value of the fuel.
The cost function for equivalent fuel minimization is:
J(xt, ut) =
.
m f ueleqv (t) =
(
.
m f uelICE (t) +
.
m f uelBAT(t)
)
=
(
.
m f uelICE (t) +
s
Qlhv
PBAT(t)
)
→ min (18)
where control input ut ∈ [−1.0 : 0.1 : 1.0].
Subject to the following constraints:
Preq(t) = Pice(t) + Pem(t)
SOCmin < SOC(t) < SOCmax ∀ t
0 ≤ Pice(t) ≤ Pice,max(t)
Pem,min(t) ≤ Pem(t) ≤ Pem,max(t)
ωice,min(t) ≤ ωice(t) ≤ ωice,max(t)
ωem,min(t) ≤ ωem(t) ≤ ωem,max(t)
(19)
ECMS strongly depends on the definition of the equivalence factor [39]. In the conventional
ECMS formulation, the equivalence factor represents the chain of efficiencies through which fuel
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is transformed into electrical power and vice-versa, and it changes for each operating condition of
the powertrain. The equivalence factor is tuned for both charging (schg) and discharging (sdchg) in
charge-sustaining mode for a particular test cycle so that it minimizes the absolute fuel consumption for
a given test cycle. The overall fuel consumption can be considered a function of the equivalence factors
and a systematic optimization is used to find the equivalence factors that minimize the overall fuel
consumption constrained to the SOC sustainability, i.e., final SOC equals pre-defined SOCref. The value
of SOCref is taken as 0.30 in this study.
Along with the equivalence factor, to impose the SOC constraint, an SOC correction factor is
used to shift the optimal power split up or down according to the difference between the actual
state-of-charge and the target state-of-charge at every time instant. A non-linear “penalty function”,
p(SOC), as depicted in Figure 6 is used to represent the desired characteristics [39]. This function is
used to sustain the charge about the SOC set point-SOCref. This is required avoiding the under or
overcharging of the battery regardless of the vehicle demand.
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The ECMS is only functional in the charge-sustaining mode where both power from the engine and
electric machine is optimally split, to provide optimal fuel benefit with [26] minimum SOC deviation
from the target. The equivalence factors schg and sdchg can be calculated as follows [14]:
Schg = α1
(
1− β1
(
SOC− SOCre f
))
(20)
Sdchg = α2
(
1+ β2
(
SOC− SOCre f
))
(21)
α1 > 0,α2 > 0
β1 ≥ 0, β2 ≥ 0
SOCre f =
(SOCH + SOCL
2
)
(22)
where α1 and α2 are the weighting factors (constant), β1 and β2 are penalty factors derived from the
battery characteristics, SOCH and SOCL are higher and lower SOC limits and are calibrated based on
the requirement, and SOCre f is the target SOC, as shown in Figure 6.
The battery fuel component can be revised as follows [14]:
.
m f uelBAT(t) =
Schg
Qlhv
PBAT(t), f or Ibat ≤ 0 (23)
.
m f uelBAT(t) =
Sdchg
Qlhv
PBAT(t), f or Ibat > 0 (24)
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4.7.2. Proposed Equivalent Fuel Consumption Minimization Strategy (ECMS_LL)
The fourth controller, a modified conventional ECMS, is developed in this work and considered
for the comparison. In the ECMS_LL, a new penalty function is introduced to the conventional ECMS
control in the instantaneous cost function calculation. The original formulation of ECMS derived
from impressive engineering intuition and was proved to work well, even without formal proof
of optimality [32]. The derivation from the minimum principle includes a method, proposed and
implemented in the earlier section, which introduces a penalty weight p(SOC) based on the deviation
of SOC from the target SOC. This correction function adjusts the value of the equivalence factor
when the SOC is close to its maximum or minimum acceptable levels to avoid the over-charging or
over-discharging of the battery and thereby helps in the charge-sustaining approach. In fact, in the
original ECMS formulation, the equivalence factor represents the chain of efficiencies through which
fuel is transformed into electrical power and vice-versa, and it changes for each operating condition of
the powertrain. The equivalence factor is considered an optimization variable that acts as a single
tuning parameter for the required charge-sustained operation. This method improves the robustness
of the strategy; however, it does not adopt the equivalence factor for exploiting engine to operate in
the engine optimum region in most of its operational time throughout the drive cycle. The additional
penalty function added to the cost function is the cost of engine optimum operating point deviation.
The penalty cost for the deviation from engine optimum operating point improves the optimality
and increases the robustness of the strategy for a better fuel economy compared to the conventional
ECMS. However, the inclusion of the new penalty factor does affect the equivalence factor tuned for
conventional ECMS, which is tested and analyzed further.
The proposed modified ECMS attempts its maximum possibility to bring the engine operating
points towards the engine optimum operating region by deriving a penalty function and implementing
it into the cost function evaluation. The penalty function depends on engine operating points and its
deviation from the engine optimum operating line at every time instant. The addition of this penalty
function enhances the engine operating towards the engine optimum operating line, thereby improving
the mean engine efficiency for the particular drive cycle considered.
J(xt, ut) =
.
m f ueleqv (t) =
 .m f uelICE (t) + γ SQlhv PBAT(t) + β
 ICE
f uele f f
OP
ICE f uele f fOOP
(t)

→ min (25)
where β
(
ICE f uele f fOP
ICE f uele f fOOP
(t)
)
is the new penalty cost function based on optimum operating point deviation.
ICE f uele f fOP is the fuel efficiency of the engine operating point at that time instant, and ICE
f uele f f
OOP is the
fuel efficiency of engine optimum operating point at that time instant. The addition of β
(
ICE f uele f fOP
ICE f uele f fOOP
(t)
)
affects the equivalence factor of conventional ECMS for the charge-sustained requirement and therefore
a multiplier term γ is introduced in the function for the electric path. The value of the gain β is based
on systematic testing for a particular drive cycle for charge-sustained SOC values. The main objective
of the charge-sustained approach is to keep the SOC to the required reference value at the end of the
trip. A range of β values is used and varied until the fuel benefit saturates under charge-sustained
operation. For different β, the change in the equivalence factor ‘γs’ for the charge-sustained operation
SOCre f is calculated. Figure 7 shows the relationship between β and γs for WMTC and IDC for three
different vehicle configurations considered.
Figure 7 shows the characteristic plot of the equivalence factor and the gain β of the new penalty
function added to cost function for the minimization of fuel consumption. The characteristic plot is
similar and consistent for different drive cycles and system configurations considered. By adding this
penalty function, the mean engine efficiency for a particular drive cycle and system configuration
can increase compared to the conventional ECMS. However, the percentage increase in the engine’s
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efficiency depends on the vehicle torque requirement (drive cycle dependent), different component
sizing and charge C rate limits considered while formulating the control law.
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5. Simulation Results and Discussion
An all-inclusive evaluation of rule-based and optimal based energy management strategies
concerning battery ageing, engine switching, fuel economy along with charge sustenance is
accomplished. To further check the reliability and consistency of the results, two different drive
cycles (WMTC and IDC) and three different vehicle configuration (Veh 1, Veh 2 and Veh 3) are
studied. All the cycles replicated to fulfil the distance of 28 km, which is defined as one-day driving.
The simulation results of the optimization-based controllers (ECMS and ECMS_LL) are presented and
compared with rule-based controllers (BEMS and MEMS).
5.1. Engine Operating Points and Fuel Economy
Figures 8 and 9 show the distribution of engine operating points for Veh 1 with BEMS, MEMS,
ECMS and ECMS_LL controllers for the WMTC and IDC test cycles, respectively. From the figures,
it is clear that irrespective of the drive cycles, the engine operating points clearly show that the engine
efficiency is highest with ECMS_LL followed by ECMS, MEMS and BEMS. A similar trend is seen
with Veh 2 and Veh 3 configurations. This is because the cost function calculated with optimal control
ECMS and ECMS_LL is designed to minimize the fuel consumption at every time instant by choosing
the best optimum power split. As discussed in the earlier session, ECMS_LL is designed by adding
an extra penalty (based on the deviation of engine operating point from the engine optimum line)
function to the cost function of ECMS, which improves the engine efficiency further and thereby fuel
economy. When it comes to rule-based strategies and optimal control-based strategies, the latter is the
clear winner when it comes to fuel economy. The optimal control strategies evaluate the best power
split by prioritizing the ICE operating points near to OOL. This is done by using the resultant power
difference between the ICE and vehicle demand being used or contributed by an electric machine
and battery. This gives the optimal control strategies an advantage of better fuel economy, over the
rule-based strategies. The rigid rules of the rule-based controllers constrain the possibility of the use of
load levelling in certain conditions.
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Figure 8. Veh1 engine operating points for different controllers tested for the WMTC test cycle:
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When implemented with optimal control, the ECMS_LL tries to choose the operating point that
minimizes the total equivalent consumption by placing the engine operating point in and around
the region of engine OOL. However, the ECMS has to select the engine operating point that has the
minimum fuel consumption and yet satisfies the best SOC correction to display the necessary charge
sustainability. Similar trends are observed with other vehicle configurations for WMTC and IDC
drive cycles.
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Table 3 shows the absolute fuel consumption (F ) and percentage FC reduction of the considered
controllers. The fuel consumption improvement of optimal control ECMS and ECMS_LL over BEMS
and MEMS is quite significant because of the engine operating in the best efficient regions. It shows
consistent positive results with both drive cycle for all the three-vehicle configurations considered.
A aximum fuel benefit of 21.18% is seen with ECMS_LL controller for vehicle configuration Veh 1
when tested for IDC drive cycle. A fuel benefit of 11.36% is seen with ECMS_LL controller for vehicle
configuration Veh 1 when tested for WMTC drive cycle. The percentage of fuel benefit varies with drive
cycle and vehicle configuration and the same is seen in Table 3. This is because of the engine sizing
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considered, charge C rate limits, wheel torque requirement from the drive cycles and other system
constraints. However, they all show similar trends in fuel consumption reduction, with ECMS_LL
displaying the highest benefit. The engine is made to operate near the optimum operating zone in
most of the times by utilizing the electric path wherever applicable. Thus, here, the battery and electric
machine are operated conveniently for increasing the engine’s efficiency.
Table 3. Absolute fuel consumption and fuel consumption reduction percentage for different controllers
tested with the WMTC and IDC test cycle for Veh 1, Veh 2 and Veh 3.
Controllers
Veh 1 Veh 2 Veh 3
WMTC IDC WMTC IDC WMTC IDC
Abs FC
(gms)
FC Red
(%)
Abs FC
(gms)
FC Red
(%)
Abs FC
(gms)
FC Red
(%)
Abs FC
(gms)
FC Red
(%)
Abs FC
(gms)
FC Red
(%)
Abs FC
(gms)
FC Red
(%)
BEMS 146.7 0.0 142.8 0.0 148.1 0.0 148.0 0.0 145.7 0.0 141.1 0.0
MEMS 138.1 5.9 139.1 2.6 146.3 1.3 145.3 1.8 144.1 1.1 138.1 2.1
ECMS 137.1 6.5 129.3 9.4 144.0 2.8 139.0 6.0 143.2 1.7 133.0 5.7
ECMS_LL 130.0 11.4 112.6 21.2 136.5 7.9 121.8 17.7 140.0 3.9 128.2 9.1
5.2. Charge Sustainability
One of the control objective considered during the formulation of energy management strategy is
charge sustainability along with the minimization of fuel consumption. For a fair trade-off, the absolute
fuel consumption is calculated by considering the equivalent fuel value of the difference of final SOC
and final target SOCref (0.30). Table 4 shows the final SOC values for the controllers with WMTC and
IDC test cycles for different vehicle configurations. The final SOC for the optimal controllers is within
the stringent bandwidth of±1% of the SOC target (SOC = 0.30) when compared to rule-based controllers.
The optimal controllers ECMS and ECMS_LL satisfy the control objective of charge sustainability. In
the case of rule-based strategies, the final SOC depends on the rules defined and varies with the vehicle
power demand and torque requirement demand from test cycles considered. Nevertheless, the final
SOC values with rule-based controllers achieve the SOC target like optimal controllers.
Table 4. Final SOC values for different vehicle configuration and drive cycles.
Controllers
Veh 1 Veh 2 Veh 3
WMTC IDC WMTC IDC WMTC IDC
BEMS 0.30 0.31 0.31 0.31 0.31 0.32
MEMS 0.33 0.31 0.32 0.31 0.31 0.31
ECMS 0.30 0.30 0.30 0.30 0.30 0.30
ECMS_LL 0.30 0.30 0.30 0.30 0.30 0.30
5.3. Engine Switching Events
Table 5 shows the engine switching events (ESE), for the considered controllers for different
vehicle configurations and test cycles. With the rule-based controllers, the engine switching depends
on the rules that are based on SOC limits considered and the drive cycle requirements for the wheel
power and torque. It is seen that, with optimal control, the engine switching events consistently show
lower numbers when compared to rule-based strategies. The engine-switching event is reduced by
23% and 55% for WMTC and IDC, respectively, using optimal control when compared to rule-based
controllers. One of the important objectives of energy management control is to keep the rider comfort,
safety and reliability of starting system in mind while evaluating the control strategies for a vehicle.
The starting system life of a typical conventional vehicle of a similar vehicle is 50,000 cycles/3 years.
The one-day travel is defined as 28 Kms. If 50,000 cycles are distributed equally across 365 days/year,
the per-day switching limit would be = (50,000/(3 × 365)) ~ approx. 46 switching events per day.
Assuming that the engine switches in the first very cranking event, the number of engine switching
events can be equated to the number of starting system cycles.
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The optimal controllers fare better in reducing the engine switching events when compared to
rule-based strategies. The rule-based controllers show almost double the switching events of those
allowed for a normal life span of the starting system. Irrespective of the vehicle configurations and
the test cycles considered, the rule-based strategies reduce the life span of the starting system by
approximately 50%. Since the engine switching depends on the rules, which are based on defined SOC
limits, the engine is switched on/off accordingly, which increases the number of ESE.
Table 5. Engine switching event for different controllers tested for different vehicle configurations
(Veh1, Veh2 and Veh3) and test cycles (WMTC and IDC).
Controllers
Veh 1 Veh 2 Veh 3
WMTC IDC WMTC IDC WMTC IDC
BEMS 89 96 89 96 89 96
MEMS 89 96 89 96 89 96
ECMS 69 43 69 43 69 43
ECMS_LL 69 43 69 43 69 43
5.4. Battery Temperature
Table 6 shows the absolute battery temperature and battery temperature rise for the respective
controllers considered for WMTC and IDC test cycles for the considered vehicle configuration.
From Table 6, it is seen that the rise in battery temperature is found higher in the optimal controllers
compared to rule-based strategies. The lithium-ion batteries are capable of operating from −20 to 60
◦C [40]. Lithium-ion batteries have maximum efficiency when operated between 10 and 35 ◦C; this is
called the optimum temperature range [40].
Table 6. Battery temperature and battery temperature rise for different vehicle configurations tested for
WMTC (W) and IDC (I) test cycles.
Controllers
Absolute Battery Temperature (◦C) Battery Temperature Rise (◦C)
Veh 1 Veh 2 Veh 3 Veh 1 Veh 2 Veh 3
W I W I W I W I W I W I
BEMS 31.4 32.0 31.4 31.9 31.7 31.8 1.4 2.0 1.4 1.9 1.7 1.8
MEMS 33.9 32.3 33.2 32.1 33.3 32.3 3.9 2.3 3.2 2.1 3.3 2.3
ECMS 41.7 41.2 41.0 41.4 39.3 38.4 11.7 11.2 11.0 11.4 9.3 8.4
ECMS_LL 43.8 41.9 44.3 42.0 42.7 38.4 13.8 11.9 14.3 12.0 12.7 8.4
Initial battery temperature considered for the study = 30 ◦C.
Figure 10 shows the variation of battery internal resistance along with the battery temperature for
all the controllers tested for IDC test cycle with vehicle configuration Veh 1. With ECMS_LL and ECMS
optimal controllers, the battery temperatures for all the test cases (irrespective of vehicle configuration
and drive cycle) rise above 35 ◦C, which is the upper limit of the optimum temperature range. Increase
in battery temperatures increases the degradation rates of the battery components, which includes
maximum charge/discharge capacity, the effectiveness of the electrode in storing Li-ions, charge
transfer rate constant, the total resistance of electrode resistance and electrode/electrolyte resistance [41].
The battery temperature rise with optimal controllers increases approximately up to five times when
compared to rule-based strategies. It is seen that the optimal controllers provide a significant increase
in the battery temperatures and it is known that higher battery temperature results in a faster battery
degradation process [9,33]. Optimal controllers are designed to prioritize fuel economy and in the
process, they exploit the battery operation, which leads to faster battery degradation when compared
to rule-based controllers. The battery temperature is one of the key factors influencing the battery
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ageing. Using optimal control, the fuel economy benefit is achieved at the cost of increased battery
temperature, which would accelerate the process of battery ageing.
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5.5. Battery Throughput
Figure 11 and Table 7 show the trends of battery throughput, for optimal based and rule-based
controllers for different drive cycle and vehicle configuration considered. It is seen that optimal
controllers ECMS and ECMS_LL show increased battery throughput when compared to rule-based
BEMS and MEMS. Increased battery throughput is one of the potential factors affecting battery
ageing [9,33,41]. Higher effective battery throughput increases the heat generation and thereby
accelerating the battery ageing process [34,41]. The increased levels of battery throughput indicate
faster battery ageing process with optimal controllers when compared to rule-based controllers.
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Table 7. Absolute battery throughput and battery throughput rise in percentage for different vehicle
configurations tested for WMTC (W) and IDC (I) test cycles.
Controllers
Battery throughput in Ah Battery throughput Rise in %
Veh 1 Ve 2 Veh 3 Veh 1 Veh 2 Veh 3
W I W I W I W I W I W I
BEMS 1.8 2.3 1.7 2.3 2.0 2.4 0 0 0 0 0 0
MEMS 3.7 2.7 3.0 2.5 3.7 3.1 52 13 74 6 84 29
ECMS 9.5 10.5 9.4 10.7 9.0 9.5 437 350 446 357 349 290
ECMS_LL 10.9 11.2 11.5 11.2 11.0 9.5 516 378 566 381 451 291
The main objective of the cost function design was limited to improvement in fuel economy
through improvement in the engine’s efficiency and appropriate power split during the vehicle run.
To increase the engine’s efficiency, the battery is exploited to its fullest operation. In this process,
the battery throughput increases to a maximum of five times when compared to the rule-based
strategies. Frequent charging and discharging to accommodate the engine running in its optimum
region increases the overall battery throughput for the journey. Battery throughput is a critical factor
influencing the process of battery ageing [40].
5.6. Battery Charge and Dis-C rge C Rates
The distribution of charge and discharge C rate for rule-based and optimal control-based controllers
tested for IDC test cycles and vehicle configuration Veh 1 is shown in Figure 12. The maximum charge
rate limit for vehicle configuration Veh 1 is fixed to 5 C.
The figure clearly shows that the optimal controllers exhibit higher frequency and peaks of
charge/discharge C rates when compared to rule-based strategies. A similar trend is found with the
other vehicle configurations. Higher peaks of C rates, contribute to higher Joule heating, which in
turn increases the internal temperature of the battery [34]. The higher C rates and higher frequency of
charge and discharge cycles increase the battery temperature as well as battery throughput, thereby
affecting the battery’s health and accelerating the ageing process [41]. The cost function designed in
optimal controllers improves fuel economy by running the engine around the optimum region by
employing the electric path wherever applicable. This, in turn, exploits the battery parameters which
accelerates the battery ageing.
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5.7. Discussion
Very limited work has been done on energy management control for two-wheeler HEVs. Most of
the studies of energy management strategies on PHEVs were focussed on fuel economy, tailpipe
emissions and charge sustenance. This study focuses on the aspect that optimal control-based energy
management strategies with a desire to minimize fuel consumption display potential negative effects
on the battery parameters influencing battery ageing. To study this an optimal based and a rule-based
strategy was developed for parallel plugin hybrid two-wheeler. The study analysed all the critical
battery parameters (battery temperature, charge/discharge C rate and battery throughput) along with
engine switching and fuel economy and thereby evaluate the rule-based control strategies and optimal
based control strategies. To display consistency and reliability of the results, the controllers were
tested for two drive cycles and three different vehicle configurations. Two basic rule-based controllers,
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(a) BEMS and (b) MEMS, and two optimal control-based strategies, (c) ECMS and (d) ECMS_LL,
were developed and considered for the evaluation.
The simulation results highlight that the optimal controllers considerably reduces the fuel
consumption and engine-switching events when compared to rule-based controllers, irrespective of
the drive cycles and vehicle configurations considered. The IDC test cycle results show a significant
reduction in fuel consumption of up to 21.18% and a reduction in engine switching events of up to
55% with ECMS_LL when compared with rule-based strategy BEMS. However, the benefit of fuel
consumption and engine switching showed significant adverse effects on the battery parameters
influencing battery ageing. The battery temperature and battery throughput increased by 31% and
378% respectively.
Similarly, with the WMTC drive cycle, fuel consumption is reduced by 11.4% and ESE by 22.5%.
However, there was a significant increase in battery temperature and battery throughput by 39%
and 515%, respectively. Similar results are observed with other vehicle configurations. The optimal
controller utilizes the electric path favourably to operate the engine in the most optimal region wherever
possible. Thus, it reduces overall fuel consumption. Using the electric path for keeping the engine
operation in the optimum region exploits battery usage, thus increasing the battery temperature,
battery throughput and high peaks of charge/discharge C rates. These battery parameters, in turn,
affect battery ageing.
The simulation results show that optimal controllers fare better when it comes to reducing the
engine switching events. Unlike rule-based energy management strategies, ECMS cost function is
designed to minimize fuel consumption at every instant of vehicle running. In ECMS cost function,
the energy required for the operation of the starting system and extra fuel required to crank and start
the engine is taken into account in the cost function. Thus, it inhibits unnecessary engine switching
on/off. A benefit of 55% and a 22% reduction in engine switching events with IDC and WMTC drive
cycles are noticed, respectively, for Veh 1 configuration. A similar trend of engine switching events has
been observed with other vehicle configurations. This reduction in engine switching events helps in
improving the starting system life and also the reliability of engine operation.
Figure 13 shows consolidated simulation results in the form of a radar chart for WMTC and IDC
test cycles for vehicle 1 configuration. The normalized results of controllers (BEMS, MEMS, ECMS and
ECMS_LL) for fuel consumption reduction, engine switching events, battery temperature rise, final
SOC and battery throughput for WMTC and IDC test cycles are shown in Figure 13. The maximum
and minimum are represented as ‘1’ and ‘0’, respectively, while comparing the controllers. The ‘1.0’
is defined as the maximum battery throughput, the maximum SOC deviation from target SOC, the
maximum number of engine switching events, the maximum reduction of fuel consumption and the
maximum rise in battery temperature and ‘0’ is defined as the minimum most.
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It is evident from the simulation results that the optimal controllers have been able to provide
the best fuel economy, minimal engine switching events and better SOC sustainability. However,
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the improvement in fuel consumption and engine switching has significant adverse effects on the
battery health and the battery ageing factors (effective battery throughput, charge/discharge C rates
and battery temperature). The battery temperature and battery throughput increased by a maximum of
five times and the frequency and peaks of charge/discharge C rate have increased substantially. Similar
results are observed with different vehicle configurations, as discussed in the results section. The benefit
of fuel economy with energy management strategy is partially at the cost of battery health and ageing.
Thus, consideration of battery parameters is a must in the evaluation of energy management strategies.
It can thus be suggested that optimal controllers, which are primarily designed for reducing fuel
consumption, engine switching and charge sustenance for the particular test cycles display promising
results for the control objectives considered. However, the simulation results show with optimal
control-based strategies there is an increased negative effect on the battery ageing factors. This study
emphasizes that the assessment of energy management strategy for HEV would be incomplete without
considering the study of battery parameters influencing ageing and engine switching along with
fuel economy. The comparison of controllers presented in this paper provides insights into the
interdependency between fuel consumption, engine switching and battery parameters influencing the
battery ageing.
6. Conclusions and Future Work
For an appropriate evaluation of energy management strategies, it is necessary to capture all the
important factors related to the critical powertrain components. Battery replacement cost is one of
the major hurdles in a PHEV that limit its prevalence in the automotive industry. Therefore, without
consideration of the battery parameters influencing the battery ageing, the evaluation of energy
management strategies remains incomplete.
This paper has analyzed an optimal control-based ECMS for a parallel plugin HEV two-wheeler.
The paper presents an evaluation of rule-based and optimal control-based controllers for the HEV
two-wheeler. A modified ECMS strategy, ECMS_LL, was proposed and developed. The ECMS_LL
further improves fuel economy when compared to conventional ECMS by maximizing the convergence
of the engine operating points to the optimum working region of the engine. This is done by exploiting
the electric path favourably wherever necessary. From the simulation results, it is evident that the
improvement in fuel economy is partly on the cost of battery health degradation.
This study emphasizes the need for an all-inclusive evaluation for the HEV energy management
strategy. The work presented in this paper forms the basis for the future study of the optimal behaviour
of energy management strategies, which would include battery ageing and engine switching events
along with fuel economy and charge sustainability. The work emphasizes the requirement of an
appropriate battery ageing-conscious energy management strategy to enhance the overall performance
of PHEVs.
Designing an optimal control energy management with a consideration of battery parameters
in the cost function formulation is taken as future work. The further development of a simple
battery-ageing model to evaluate the battery capacity loss is under study. As a next step, the simulation
results in this study are planned to be validated using HIL testing and then on the actual vehicle.
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